Objective. To evaluate the prevalence of seven social factors using physician notes as compared to claims and structured electronic health records (EHRs) data and the resulting association with 30-day readmissions. Study Setting. A multihospital academic health system in southeastern Massachusetts.
readmissions, and both the Medicare Pioneer Accountable Care Organization (ACO) and Shared Savings Programs included readmissions among the 33 core measures CMS 2014a) . As health systems navigate these payment programs, the social characteristics of their patient populations play an important role in determining readmission rates and the impact of HRRP and ACO programs on health system reimbursement ( Joynt, Orav, and Jha 2011; Barnett, Hsu, and McWilliams 2015) . This is in part because social factors beyond age and gender are not included in risk adjustment (Barnett, Hsu, and McWilliams 2015) . Consequently, many health systems have launched care management and discharge transitions programs to assist vulnerable patients in navigating the complexities of transitions in care, including programs that create partnerships with community physicians, promote sharing of medical records, and assign accountability for longitudinal management to specific clinical staff (Bradley et al. 2013a (Bradley et al. , 2013b (Bradley et al. , 2015 .
A variety of hospital characteristics, patient clinical, and social (sociodemographic, socioeconomic, sociobehavioral and psychosocial, and community factors) characteristics have been associated with readmission. For example, the type of ownership, bed size, volume, teaching status, and staffing level of hospitals are significantly associated with readmissions (Krumholz et al. 2009; Joynt, Orav, and Jha 2011) . Several studies have demonstrated that patients with cardiovascular conditions such as congestive heart failure and acute myocardial infarction, medical conditions such as pneumonia, as well as older patients are at high risk for readmission (Boult et al. 1993; Marcantonio et al. 1999; Philbin and DiSalvo 1999; Krumholz et al. 2000 Krumholz et al. , 2008a Krumholz et al. , 2008b Krumholz et al. , 2008c Silverstein et al. 2008; Krumholz et al. 2009; Amarasingham et al. 2010; Hammill et al. 2011; Krumholz et al. 2011; Lindenauer et al. 2011; Bradley et al. 2013b) . Mental health comorbidities and substance use are also frequently associated with readmissions (Evans et al. 1988; Marcantonio et al. 1999; Billings et al. 2006; Billings and Mijanovich 2007; Howell et al. 2009 ). Other research has established the effects of patient-level social determinants of health and sociodemographic factors on outcomes, including readmissions, with factors such as race/ethnicity, health literacy, marital status, education, income, and social support (Krumholz et al. 1997; Marcantonio et al. 1999; McGregor et al. 2006; Rathore et al. 2006; Bernheim et al. 2007; Roe-Prior 2007; Arbaje et al. 2008; Amarasingham et al. 2010; Foraker et al. 2011; Joynt, Orav, and Jha 2011; Hawkins et al. 2012) . Furthermore, several studies have focused on social determinants of health at the community level (Corrigan and Martin 1992; Tsuchihashi et al. 2001; Herrin et al. 2015) .
While health systems attempting to reduce readmissions can find many model clinical programs to emulate (Coleman et al. 2004; Naylor et al. 2011 ), a more vexing problem has been tailoring scarce care management resources to needs of individual patients at high risk (Hong, Siegel, and Ferris 2014) . Tailoring interventions requires accurately identifying and understanding patient characteristics, particularly those associated with poor outcomes. Directing programs specifically toward patients with social risk factors could be helpful in personalizing care management interventions and reducing readmissions (Calvillo-King et al. 2013 ). These potential risk factors are disproportionately represented in high-need populations, yet existing approaches to identifying these patients have provided limited discrimination (Kuper, Marmot, and Hemingway 2002; Marmot 2002 Marmot , 2005 Wilkinson and Marmot 2003; Stansfeld 2006; Kansagara et al. 2011; Di Cesare et al. 2013) . This is at least in part because detailed patient information on social risk factors is typically lacking in clinical databases and associated risk-stratification tools that care managers and discharge planners use (Hu, Gonsahn, and Nerenz 2014) . Thus, care managers are left to manual chart review, which is time-consuming and subjective, and therefore not a feasible approach to screening large volumes of patients. Furthermore, efforts to access supplementary data on social factors drawn from sources like point-of-care survey instruments or large-scale survey datasets are not readily automated or scalable (Kansagara et al. 2011; Calvillo-King et al. 2013) .
Further exacerbating the problem is that some social factors (such as housing stability and social support) are unreliably coded in billing data from insurance claims (Zeng and Bell 2011) . These billing codes are frequently used to measure quality, compile registries of patients, and more recently for predictive modeling of high-risk patients (Kansagara et al. 2011) . Consequently, health systems may be targeting care management resources without accurately understanding the prevalence of these social factors or precisely identifying which individual patients experience them.
However, recent advances in natural language processing (NLP), a technology that enables automated extraction of information from clinical text, provides a rapid, scalable way to harness information from physician notes that health systems could not otherwise use for care management (Rosenbloom et al. 2011) . Clinical narrative notes are likely to include valuable information as physicians frequently document salient observations and thought processes relevant to a patient's care and expected outcome (H€ ayrinen, Saranto, and Nyk€ anen 2008; Rosenbloom et al. 2011) . However, analyzing clinical text is not trivial and thus the potential for using a variety of social information in physician notes to identify high-need patients has remained unexplored.
In this study, we examined whether using physician notes can improve the quality of patient-specific information on social factors toward better identification of patients at risk for readmission. We sought to answer two questions: first, to what extent would the prevalence of seven selected common social characteristics (tobacco use, alcohol abuse, drug abuse, depression, housing instability, fall risk, and poor social support) increase when using information from physician narrative notes versus billing codes and structured EHR data? Second, will the social information about patients in physician narrative notes be associated with higher readmission risk, even after accounting for other social risk factors and detailed clinical data available in the medical record? We hypothesized that physicians would document significantly more information about these seven social factors in narrative notes than was available in billing codes, therefore indicating a higher prevalence than would be otherwise detected. Finally, we predicted that enhanced social factors based on physician notes would be significantly associated with readmission, even with more refined clinical risk adjustment. We examined the association and not a causal relationship between these factors and readmission.
METHODS

Study Population and Data
We used EHR data and administrative claims, which included claims for commercial payers, Medicare, and Medicaid, from the Partners Healthcare System, a multihospital academic health system in Boston, MA, that includes two flagship academic medical centers. The EHR data included structured fields such as problem lists, medication lists, laboratory results, and health maintenance registries (e.g., smoking status). The EHR data also included unstructured text in physician notes.
We focused on patients with cardiovascular disease because of higher readmission rates, availability of evidence-based care management approaches, and as social factors likely have a more consistent relationship within a disease group. We identified patients with cardiovascular disease through International Classification of Diseases, Ninth Revision, Clinical Modification [ICD-9-CM] codes (410.xx, 413.xx, 411.xx, 412.xx, 414.xx, 424.1, 427.3, 428.xx, 424.0, and 427.89) who were hospitalized from January 1, 2011, to December 31, 2013.
We excluded admissions primarily for treatment of psychiatric illness or obstetrics and gynecologic care, consistent with our focus on medical and surgical readmissions (CMS 2014a (CMS , 2014b . We also excluded patients with a primary diagnosis of cancer, hospice patients, and patients younger than 18 years. Our final sample included 49,319 unique patients who experienced 93,606 hospital admissions at one of five hospitals.
All-Cause Thirty-Day Readmission
We examined all-cause unplanned readmissions, defined based on the CMS hospitalwide readmission rates (HWRRs) measure (CMS 2014a; Horwitz et al. 2014) . We defined index admissions as an admission without transfer to another acute care facility or discharge against medical advice (CMS 2014a). We excluded planned readmissions for scheduled chemotherapy or procedures such as colonoscopy as designated by CMS (2014a, 2014b), Horwitz et al. (2014) . In a sensitivity analysis, we restricted our sample to index admissions that were not readmissions themselves; this restriction is applied by CMS in determining readmissions for the HRRP but not in calculating HWRRs.
Conceptual Model-Social Factors and Readmission
We adapted a conceptual model developed by Calvillo-King et al. (2013) that covers a broad range of social factors, including sociodemographic, socioeconomic, socioenvironmental, behavioral, sociocognitive, and neighborhood factors and their relationship with readmission. In particular, our focus in adapting this model was to guide selection of social factors to include in our analysis. Each factor in the Calvillo- King et al. (2013) conceptual model has been demonstrated to be significantly associated with readmission (Krumholz et al. 1997; Marcantonio et al. 1999; Tsuchihashi et al. 2001; McGregor et al. 2006; Rathore et al. 2006; Bernheim et al. 2007; Roe-Prior 2007; Arbaje et al. 2008; Amarasingham et al. 2010; Foraker et al. 2011; Joynt, Orav, and Jha 2011; Hawkins et al. 2012; Howie-Esquivel and Spicer 2012) . Following Calvillo-King and colleagues, the social factors were stratified into three levels based on the likelihood of a direct causal link to postdischarge outcomes and ease of measurement. Level 1 factors included simple sociodemographic characteristics such as age, gender, and race or ethnicity. These data are frequently captured in administrative claims or the EHR. Level 2 factors included socioeconomic variables such as the education level, income, insurance status, marital status, and employment status of an individual patient, many of which rarely appear in claims or structured clinical data. The Level 3 factors related to underlying social environment (social support, housing situation), sociobehavioral (medications, diet, visit adherence, substance use/abuse, smoking, fall risk, psychiatric conditions), sociocognitive (health literacy, language proficiency), and community social factors (urban/rural, proximity to health care, community poverty).
Among this superset of factors, we selected a subset for inclusion in our analysis based on two criteria. First, we included any social factors that could be reliably identified in our hospital database, as these factors are generally present in data generated by hospitals during routine patient care. Second, we focused on drawing out factors from physician notes that showed variation in coding practices (e.g., factors that are often missing in ICD-9 diagnosis codes). We hypothesized that these factors with additional information extracted from physician notes would be most likely to providing incremental information on readmission and therefore improve measurement of the association (O'Malley et al. 2005) .
Based on our first criteria, we systematically selected the following available social factors: Level 1 factors: age and gender (from claims) and race or ethnicity (from the structured EHR) and Level 2 factors: insurance type (from claims) and marital status (from structured EHR). Level 3 factors were considered by subtype. For social environment, we included (poor) social support and housing instability. Sociobehavioral and psychosocial factors included substance abuse (alcohol and drugs) and smoking (tobacco use), fall risk, and diagnosis of depression. The sociocognitive factor language proficiency was included (primary spoken language) from the EHR. However, health literacy and community factors were not included because they did not appear in the hospital data.
Hospital Readmission and Social Risk Factors
Based on our second criteria, we further selected seven social factors to study using analysis of physician notes in addition to claims and EHR data: tobacco use, alcohol abuse, drug abuse, depression, housing instability, fall risk, and poor social support.
We also took a prevalence approach, including hospital discharge summaries for the 12 months preceding the index hospitalization to designate social factor presence, for all factors except substance abuse factors. For these, we required evidence of active use on an admission-by-admission basis.
Extracting Social Factors from Physician Notes
To extract social factor information from physician notes, we utilized MTERMS, an NLP system validated for identifying clinical terms within medical record text (Zhou et al. 2011) . The protocols to accurately extract medications, clinical problems, allergies, and symptoms from clinical text have been published previously, and our methodological approach to customizing MTERMS for social factor identification is presented separately (Zhou et al. 2012; Goss et al. 2014; Zhou et al. 2014 Zhou et al. , 2015 Plasek et al. 2016) . We have utilized the tool to identify hospitalized patients at high risk for depression, with high levels of predictive accuracy, precision, and recall as compared with gold standard manual chart review by physician mental health experts (Zhou et al. 2015) . The lexicon of terms, methodology diagram, and temporal reasoning we utilized as well as validation statistics are presented in the Supplement ("List of Clinical Variables Used in Detailed Risk Adjustment," "MTERMS NLP Diagnostic Characteristics in the Identification of SocioBehavioral Factors," and Tables S1 and S2 in Appendix SA2). The trained MTERMS tool provided excellent overall accuracy in detecting the presence of the seven social factors, which enabled comparative use of the information in the physician narrative notes versus administrative and EHR data elements. In Tables S3 and S4 in Appendix SA2, we show the social factors, associated ICD-9 codes, and associated terms in the structured EHR data.
Risk Adjustment
We utilized the presence of 29 Elixhauser comorbidities, using a 12-month look back, as our primary risk-adjustment approach with a sensitivity analysis replicating the CMS method using condition indicators in HWRR computations (CMS 2014a). Per CMS specifications, we limited our analysis to those conditions present on admission, to avoid confounding of conditions acquired as result of hospital care itself (CMS 2014a). We started with this baseline approach because as in HRRP condition-specific readmission rates, publicly reported HWRRs are also adjusted for age, gender, discharge diagnosis, and diagnoses present in claims during the 12 months prior to admission (Centers 2014a; Guihan et al. 2008) . Additional patient-level variables available in the administrative claims including number of admissions in the past 12 months, discharge disposition, length of stay, and type of insurance were added to the model as in prior studies evaluating the impact of social factors using administrative data (Cohen and Demner-Fushman 2014) .
The availability of structured EHR data beyond the physician narrative notes enabled more extensive controls for patient clinical variables. We selected clinical variables including laboratory tests and high-risk medications validated for risk adjustment in cardiovascular disease using EHR data (Vinson et al. 1990; Corti et al. 1995; Fried et al. 1998; Caggiano et al. 2005; Manoukian et al. 2007; Nordestgaard et al. 2007; Tabak, Johannes, and Silber 2007; Anchersen et al. 2009; Tzoulaki et al. 2009; Gamble et al. 2010; Solomon et al. 2010; Allaudeen et al. 2011; Donz e et al. 2013 ).
Statistical Analysis
In unadjusted analysis, we compared the characteristics of patients who experienced a 30-day readmission versus patients not readmitted using Wilcoxon tests for continuous variables and chi-square tests for categorical variables (Table 1) . Our next step was to evaluate the prevalence of the seven social factors when adding information from physician notes in comparison with billing codes and structured EHR data. To do so, we created bivariate logistic regression models to evaluate the relative frequency, unadjusted readmission rates, and unadjusted odds of readmission for patients with the seven social factors, identified through billing codes with and without structured EHR data versus physician notes, as well as for the combined sources (Table 2) . We plotted the incremental number of admitted patients identified through the physician notes for each social factor by data source (Figure 1 ).
For our primary outcome, risk-adjusted 30-day all-cause, unplanned readmission rates, we created multivariable logistic regression models evaluating the association with the seven social factors simultaneously (Unadjusted). All models included hospital fixed effects to account for hospital-specific differences that could impact readmissions. These factors were relevant because of baseline differences in the hospitals in the sample, two were academic medical centers while others were geographically distinct community hospitals, and fixed effects mitigated differences attributable to hospital rather than patient factors.
To examine the robustness of the association between readmissions and the social factors to increasing levels of risk adjustment, we created adjusted models by incrementally adding variables for risk adjustment (Table 3) . First, we added controls for age, gender, discharge diagnosis, and Elixhauser comorbidities or condition indicators per CMS specifications in the HRRP model (Model 1) to the unadjusted model (Elixhauser et al. 1998; CMS 2014b) . Second, we added readily available administrative data on sociodemographic EHR refers specifically to problem lists (diagnoses) and health maintenance registries in the EHR. ‡ All sources include patients identified through ICD-9 diagnoses, problem lists and health maintenance registries in the EHR, and text analysis of physician discharge summary notes. § Unadjusted OR and 95% confidence intervals (CIs) were computed from series of logistic regressions of a readmission indicator on an indicator variable for a patient social factor that was determined based on a data source. Each social factor and data source represents one unadjusted logistic model.
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factors and utilization, including the following administrative data elements: insurance type, number of hospital admissions in the past 12 months, discharge disposition, and length of stay (Model 2). Third, we added social factor data only available in the EHR: patient race, primary spoken language, marital status, and veteran status (Model 3). Finally, we added extensive risk adjustment made possible by the EHR data (Model 4). Model 4 evaluated the association between readmission and the seven social factors identified through all data sources together with detailed clinical risk adjustment. Our final step was to examine the incremental impact of physician notes and structured EHR data beyond claims alone on the association between the social factors and readmission. Accordingly, we examined the changes in the risk-adjusted association between 30-day readmission and the social factors as additional information from ICD-9 diagnosis codes, EHR data (i.e., problem list and health maintenance registries), and physician notes was incorporated on the detailed risk-adjustment model (i.e., Model 4 from above; Table 4 ).
Because our primary purpose was to investigate the relationship between the seven social factors and readmissions with detailed clinical 
Figure 1: Prevalence of Social Factor in ICD-9 Codes Plus Structured Electronic Health Record (EHR) versus All Sources Including Physician Notes
Notes: The black bars indicate the prevalence in the sample for each social factor in ICD-9 codes plus structured EHR, and the gray bars indicate the prevalence when using all sources including physician notes. risk adjustment, we accounted for multiple testing in evaluating this relationship using the Holm-Bonferroni correction in our final models (Herv'e 2010).
Sensitivity Analysis
We performed several sensitivity analyses on the final model. First, we excluded index admissions that were also readmissions as in the more stringent definition used by CMS in the HRRP CMS 2014a ). Second, we tested the analysis while including patients with a diagnosis of cancer in the sample. Third, we added primary diagnosis codes based on single-level clinical classifications software (CCS) from the AHRQ (HCUP CCS 2016). Attempts to include multilevel CCS codes resulted in nonconvergence of the models. Finally, instead of using hospital fixed effects, we tested standard errors clustered at the hospital level. The Partners Institutional Review Board approved all aspects of this study. In all analyses, we used Huber-White robust standard errors to account for heteroscedasticity and clustering at the patient level. All analyses were performed with SAS 9.2 (SAS Institute, Cary, North Carolina, USA).
RESULTS
Patient Characteristics
Of the 93,606 index hospitalizations across 49,319 unique patients, 16,946 (18.1 percent) resulted in a readmission while 76,660 (81.9 percent) did not ( Table 1) . As compared with patients not readmitted, readmitted patients tended to be slightly younger (mean age 66.3 years vs. 69.0 years), marginally more likely to be female (44 vs. 43 percent), and more likely to be black (9 vs. 7 percent) or Hispanic (6 vs. 5 percent). Table 2 demonstrates that the frequency increased for six of seven social characteristics (except housing instability) when using physician note analysis versus ICD-9 codes or ICD-9 codes plus structured EHR data, and all seven characteristics when combining sources (ICD-9 codes, structured EHR data, and physician notes). The physician notes identified 23,727 patient admissions with tobacco use (resulting overall frequency of 30 versus 15 percent using ICD-9 codes and structured EHR), 8,790 patient admissions with alcohol abuse (12 vs. 8 percent), 8,959 patient admissions with drug abuse (12 vs. 6 percent), 20,358 patient admissions with depression (29 vs. 22 percent), 763 patient admissions with housing instability (2 vs. 1 percent), 23,737 patient admissions with fall risk (26 vs. 2 percent), and 14,872 patient admissions with poor social support (16 vs. <1 percent). The incremental increase in prevalence for each social factor is shown in Figure 1 . The largest increases were a 24 percentage point jump in prevalence for fall risk, a 16 percentage point increase for poor social support, and a 15 percentage point gain for tobacco use.
Frequency of Social Factors and Individual Associations
The unadjusted readmission rates in bivariate models were largely similar among patients detected when adding physician notes versus ICD-9 diagnoses with and without structured EHR data, with the largest difference in poor social support (21.3 percent readmission rate in physician notes vs. 14.0 percent in ICD-9 diagnoses and structured EHR).
Social Factors and Readmission Risk
Unadjusted analyses examining the seven social factors simultaneously demonstrated a significantly increased likelihood of readmission for each factor except alcohol abuse (Table 3 ). The adjusted analysis demonstrated an increased readmission risk for patients with tobacco use (OR 1.08; 95 percent CI 1.03-1.13; p = .004), drug abuse (OR 1.25; 95 percent CI 1.15-1.36; p < .001), depression (OR 1.19; 95 percent CI 1.11-1.27; p < .001), housing instability (OR 1.52; 95 percent CI 1.25-1.84; p < .001), fall risk (OR 1.11; 95 percent CI 1.06-1.17; p < .001), and poor social support (OR 1.13; 95 percent CI 1.07-1.20; p < .001) when added to the Baseline CMS Model (Model 1). Models 2-4 show the effects of successively including additional patient characteristics to the unadjusted model, with all seven social factors included simultaneously, on the association between the social factors and readmission. The effects were robust to adding socioeconomic variables that were readily available in the administrative data (Model 2) and EHR data (Model 3) for drug abuse, depression, housing instability, and poor social support, although effect sizes did decrease with the added data elements. In the combined adjusted analysis with extensive risk adjustment including laboratory test results and high-risk medication use (Model 4), we found that four factors were significantly associated with increased readmission risk: housing instability (OR 1.42; 95 percent CI 1.25-1.61; p < .001), followed by depression (OR 1.14; 95 percent CI 1.07-1.20; p < .001), drug use (OR 1.10; 95 percent CI 1.03-1.18; p = .05), and poor social support (OR 1.10; 95 percent CI 1.04-1.15; p < .001).
Social Factors and Readmission Risk by Data Source
The final set of models evaluated the relationship between readmission and the seven social factors based on the data source from which they were identified (Table 4) . First, patients with social factors were identified through ICD-9 codes alone, then based on added structured data from the EHR, and finally when also adding in the large number of patients identified through the clinical text analysis. When using ICD-9 codes alone, the three statistically significant factors were depression (OR 1.49; 95 percent CI 1.24-1.79; p < .001), housing instability (OR 1.50; 95 percent CI 1.31-1.72; p < .001), and poor social support (OR 0.68, 95 percent CI 0.50-0.93; p = .01). After adding patients incrementally identified as having social factors in the structured EHR data, the association for depression got smaller (OR 1.20; 95 percent CI 1.08-1.33; p < .001) while housing instability and poor social support remained constant. However, when further adding patients with social factors incrementally identified through physician notes, the number of significant factors increased from three to four. In addition to depression (OR 1.14; 95 percent CI 1.07-1.20; p < .001) and housing instability (OR 1.42; 95 percent CI 1.25-1.61; p < .001), drug use (OR 1.10; 95 percent CI 1.03-1.18; p = .05) became significant. Further, poor social support changed from being associated with decreased readmission risk when using ICD-9 codes alone (OR 0.68, 95 percent CI 0.50-0.93; p < .001) or ICD-9 codes and structured EHR data (OR 0.68, ; p = .02) to increased readmission risk when patients identified through physician notes (OR 1.10; 95 percent CI 1.04-1.15; p < .001) were included. Model discrimination improved marginally and was not statistically significant.
In sensitivity analyses, we found no changes in effect sizes or statistical significance when we excluded index admissions that were also readmissions, although because of the drop in sample size the 95 percent CI confidence intervals did get larger. Adding patients with cancer to the sample resulted in stronger effects for all social characteristics except housing instability, for which the OR dropped from 1.42 to 1.29 (95 percent CI CI 1.16-1.44, p < .001), although still significant. Changing risk-adjustment approaches, adding primary diagnoses, using randomly selected single admissions per patient, and clustering at patient-hospital level did not change the results meaningfully.
DISCUSSION
Using comprehensive claims and EHR data from a large multihospital academic health system, we found that patients with social risk factors detected through physician notes are substantially more prevalent than currently identified through ICD-9 billing codes alone. Furthermore, the incrementally identified patients were at high readmission risk and enabled better detection of readmitted patients. While these results suggest that using information from physician notes may also lead to better performance of predictive models, this step remains to be studied in further work.
The magnitude of the increase in frequency of the social characteristics when information from clinical text was used was unexpected and striking. The large proportions of patients (an additional 24 percent of the entire study population was identified as being at risk for falls and an additional 16 percent as experiencing poor social support) indicate that these social issues may be more prevalent than hospitals are able to detect through analysis of problem lists and ICD-9 codes. Furthermore, depression and substance abuse, frequently coded as diagnoses in billing codes, were also highly underrepresented versus physician narrative assessments, suggesting that physicians and hospitals may be leaving available reimbursement dollars unearned.
The magnitude and direction of the associations we found are consistent with several studies that have considered the impact of various social factors using more representative, nonclinical data, while controlling for demographic variables, including Medicaid insurance (Elixhauser et al. 1998; DiSalvo 1999), unmarried status (Roe-Prior 2007; Tabak, Johannes, and Silber 2007) , low socioeconomic status (Philbin et al. 2001; Tsuchihashi et al. 2001; Rathore et al. 2006) , tobacco use (Philbin and DiSalvo 1999) , and drug use (Amarasingham et al. 2010) . Comorbid mood disorder, particularly depression, has been borderline (Philbin et al. 2001; Roe-Prior 2007) or not associated (Philbin et al. 1998; Rathore et al. 2006) , although in our study, we found a significant positive effect. Our findings are also similar to one study on social support in heart failure patients (Tsuchihashi et al. 2001) , and another study that uses an alternate definition of housing instability through home address changes (Amarasingham et al. 2010 ). To our knowledge, only one other study utilized electronic health records in an automated fashion to study readmissions, but it did not use social information from physician notes (Amarasingham et al. 2010 ).
Our study is differentiated because it relies exclusively on data available to hospitals. Secondly, given our use of physician notes in the EHR, we are able to compute a more comprehensive estimated prevalence of the social factors that was higher than that apparent through billing codes. This gives a more complete representation of a health system's patient population characteristics, as assessed and documented by physicians. While using clinical text has been validated by our team and others for identifying depression (Watson et al. 2011; Perlis et al. 2012; Zhou et al. 2015) , and for homelessness within Veterans Affairs (Gundlapalli et al. 2013 ), it has not been used systematically to identify a comprehensive set of social factors, nor in studying how these factors are associated with readmissions, to our knowledge.
Our study has limitations beyond those listed above. As noted before, we estimate the association between social factors and readmission, not the causal relationship. While we found significantly higher prevalence of selected social characteristics with higher readmission risk, model discrimination did not improve significantly and results should not be construed as better predictive model performance. However, our results suggest the potential value of information in physician notes and training models to maximize discrimination and testing with methods such as reclassification is a natural next step. Next, we were unable to account for readmissions to other hospitals because of single-institution data. However, we accept this trade-off methodologically because single institutions readily have access to their own data in real time. Another concern is that physician documentation in narrative notes at one health system may not be representative of others. Finally, our study is within a single multihospital geographically localized institution, so our results may not be generalizable.
In the era of expanding accountable care, understanding patient characteristics and tailoring population management programs to patient needs is critical. The importance of social characteristics in influencing outcomes such as readmission rates is well established (Calvillo-King et al. 2013) . A more comprehensive and accurate understanding of which patients experience social circumstances could greatly aid in developing and targeting customized care management and support services to reduce risk (Akosah et al. 2005) , as has been shown in select cases for cardiac care. Until recently, analyzing medical record data including physician assessments was a manual, time-consuming, and poorly replicable task. Our study results from a single health system, while not necessarily generalizable across the nation, show that a health system may use its own data in an automated and reliable fashion to direct care management activities. While the mechanism between social characteristics and readmission is undoubtedly very complex, better understanding and more effectively targeted services may each constitute a small advance toward reducing disparities and improving patient outcomes.
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